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Do teachers’ expectations directly impact student achievement? We draw on ad-
ministrative data from North Carolina schools that report both student test scores
and teachers’ expectations of students’ performance on these tests. Employing
student fixed effects and instrumental variables strategies to overcome endo-
geneity concerns, we find that higher exogenously determined teacher expecta-
tions increase test scores for fourth to eighth graders. Impacts are suggestively
larger for students in earlier grades and in self-contained classes with the same
math and reading teacher.

I. Introduction

Do teachers’ expectations of students impact student achievement? That
is, are teachers’ expectations self-fulfilling prophecies? These questions
have been debated for decades. Rosenthal and Jacobson (1968) initiated
much of the debate with their now classic experiment in which teachers
were told some of their students had more academic potential, while, in
reality, they were chosen at random by the researchers. Despite this, the
randomly selected students displayed greater test score gains by the end
of the year. This effect—teacher expectations causally impacting student
achievement—has come to be known as the Pygmalion effect or Rosenthal
effect. Other researchers have followed with numerous critiques and rep-
lication efforts, leading to mixed conclusions (e.g., Brophy 1983; Wineburg
1987). For instance, shortly after the publication of his first study, Rosenthal
himself attempted to replicate his results at a different school in a differ-
ent part of the country and found no evidence that students randomly as-
signed to the “high expectations” group performed any better (Evans and
Rosenthal 1969). In a recent review of the literature, Jussim and Harber
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(2005) note that, of the replications, “only slightly over one third demon-
strated a statistically significant effect” (135).

In this paper, we draw on a rich administrative data set and modern
econometric techniques to shed new light on whether teachers’ expecta-
tions are a selffulfilling prophecy. Using student-teacher linked data
from North Carolina, where we observe both how students perform on
standardized state-written end-of-grade (EOG) tests and how their teacher
expected them to perform, we combine an instrumental variables strategy
with a rich set of fixed effects to estimate the causal impact of teachers’ ex-
pectations on students’ performance on the EOG tests.

Our approach hinges on constructing a measure of teachers’ underly-
ing optimism to use as an instrument for teachers’ student-specific expec-
tations. It is similar in spirit to the instrumental variable approach used
to identify systematically more (or less) lenient judges in recent research
on the impacts of judicial outcomes (e.g., Kling 2006; Dahl, Kostgl, and
Mogstad 2014; Dobbie, Goldin, and Yang 2016). Our strategy is described
in more detail in a later section, but, in short, we use student-level panel
data and regress teachers’ expectations on a variety of student character-
istics, student fixed effects, and teacher fixed effects, and then take the
teacher fixed effects as a measure of underlying teacher optimism. We
omit data from year { when constructing a teacher’s year tunderlying op-
timism measure to ensure thatitis not affected by the achievement of the
teacher’s current students but based only on past students. Intuitively,
this measure captures the degree to which some teachers consistently
over- or underestimate their students’ achievement after conditioning
on the types of students they teach. Using this as our instrument for teach-
ers’ student-specific expectations, our experiment essentially entails ob-
serving how a particular student’s achievement varies as they are assigned
to generally more or less optimistic teachers while progressing through
elementary and middle school.

We find clear evidence of self-fulfilling prophecies in the classroom.
The most robust specifications we report indicate that a teacher who has
a one-level higher belief on a four-point scale about a student’s mastery
over the subject material increases that student’s EOG score by roughly
0.07 standard deviations of a test score. Similar to Rosenthal and Jacob-
son’s (1968) results, we find suggestive evidence that these effects are
strongest in earlier grades. Also similar to their findings, we observe no ev-
idence that the positive gains from higher expectations persist and gener-
ate gains in later academic years.”

! Some more recentstudies aim to measure (rather than randomlyassign) teachers’ expec-
tations in a natural setting; in these studies, researchers have argued that observed positive
correlations between teacher expectations and student performance largely stem from accu-
rate teacher expectations rather than self-fulfilling prophecies (e.g., Jussim 1989; Trouilloud
et al. 2002).

2 One exception to the lack of persistence, which we discuss in more detail in a later section
of the paper, occurs when students are assigned to the same teacher 2 years in a row. Among
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We conduct a number of tests aimed at probing the validity of our em-
pirical approach. For instance, if our approach is truly capturing the causal
impact of a teacher’s expectations on test scores, then the expectations of a
teacher thatastudentis assigned to in the future should have no influence
on current test scores. We find that this is the case. This test and other tests
are described in more detail in later sections.

Our paper primarily contributes to two strands of literature: first,
a broad literature on teacher effectiveness and, second, a small literature
in economics (and a larger literature outside of economics) on self-fulfilling
prophecies. Regarding the former, there is now clear evidence on the im-
portance of teachers and teacher quality in the education production
function, both on student achievement (Rockoff 2004; Rivkin, Hanushek,
and Kain 2005) and laterlife outcomes (Chetty, Friedman, and Rockoff
2014). Less clear are the factors driving increased teacher effectiveness.
A substantial body of literature has examined the role of observable qual-
ifications. Clotfelter, Ladd, and Vigdor (2007, 2010) draw on rich models
estimated in administrative data to document positive effects of teacher ex-
perience and credentials on student achievement. Other work suggests
such characteristics cannot explain variation in teacher effectiveness. For
example, while generally documenting the importance of teacher quality
on student achievement, it has been shown that licensure test scores (Gold-
haber 2007), National Board certification (Harris and Sass 2009), and ed-
ucation and credential type (Aaronson, Barrow, and Sander 2007) are less
predictive of classroom performance. In estimating models that evaluate
optimism as a fixed characteristic of teachers, our paper puts forth and
provides evidence on the importance of a less immediately observable
component of teacher effectiveness.

Regarding the literature on self-fulfilling prophecies, in an early paper
focused on a single school district, Link and Ratledge (1979) draw on stu-
dent test score data and a questionnaire that asked students their per-
ception of their teacher’s expectation of them. They find a positive cor-
relation between test scores and students’ perception of their teachers’
expectations, but there is no attempt to account for potential endogeneity
in their expectation measure. In a recent paper, Papageorge, Gershenson,
and Kang (2020) analyze data from the Educational Longitudinal Study
(ELS2002) where two teachers report their expectations about a high
school student’s likelihood of completing college. They leverage the dis-
agreement between teachers to estimate the effect of expectations on
college completion, ultimately finding that students who are expected
to complete college by teachers are more likely to do so. Carlana (2019)
shows that teachers with implicit gender biases widen stereotypical gender
achievement gaps in their classrooms, providing another channel through
which teacher beliefs affect student outcomes. Our results on the immediate

those students, the effect of positive expectations in the first year of a student-teacher match has
an even larger effect on test scores in the second year.



Self-Fulfilling Prophecies in the Classroom 403

impact of expectations on student achievement complement these find-
ings. Outside of the context of education, another recent paper (Glover,
Pallais, and Pariente 2017) provides evidence that ethnic minority gro-
cery store employees exert less effort when quasi-randomly assigned to
work for a manager who is biased against ethnic minorities (as measured
by an Implicit Association Test), thereby reinforcing the biased manag-
ers’ expectations.

The impact of teacher expectations on student achievement takes on
renewed importance with recent evidence in economics that teachers
have systematically lower expectations of ethnic minority groups, even
when these lower expectations are inaccurate. Burgess and Greaves
(2013) draw on administrative data from the United Kingdom where they
observe both students’ test scores and teachers’ assessments of students’
ability levels. Even with a rich set of controls (including students’ prior
test scores and poverty status), they find that teachers are significantly
more likely to underestimate black students, reporting a subjective assess-
ment that is lower than the students’ actual performance in the relevant
test. Gershenson, Holt, and Papageorge (2016) take advantage of the
same feature of the ELS2002 mentioned above and, holding student
characteristics constant (through student fixed effects), document that
white teachers hold systematically lower expectations of black students
than black teachers do; the same is not true of white students. Papa-
george, Gershenson, and Kang (2020) find that teachers are overoptimis-
tic about all students’ likelihood of college completion, but the degree of
excess optimism is larger for white students than for black students.” Van
Ewijk (2011) conducted an experiment in Dutch schools where identical
essays were graded by multiple teachers, but some teachers were randomly
assigned essays with names suggesting that the student was an ethnic ma-
jority, while others were led to believe the essay was written by a minority.
Despite the fact that the essays were identical, teachers reported lower ex-
pectations for the school track (university preparatory, vocational, etc.)
the student would be able to attend when the name suggested the student
was a minority. In a related study, Figlio (2005) argues that teachers use
names as a signal of unobserved parental inputs and have lower expecta-
tions of children with names that sound like they were given by uneducated
parents. More recently, Francis, de Oliveira, and Dimmitt (2019) perform
an audit study in which they find that school counselors rate black females
as being least prepared for an Advanced Placement course even with tran-
scripts identical to their peers’.*

* These findings contrast with earlier findings suggesting that differences in teacher ex-
pectations of black and white students are eliminated after controlling for past perfor-
mance and other observables (Ferguson 2003).

* Further evidence of teachers using characteristics other than academic performance to
assess students is provided by Condron (2007), who finds that socioeconomic status and
race affects reading group placement in kindergarten.
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A closely related literature reveals evidence of teacher bias in grading,
providing a different type of evidence that teachers’ perceptions of stu-
dent ability can be driven by factors other than accurate estimates of stu-
dents’ true underlying ability. Hanna and Linden (2012) conduct an ex-
periment in India and find that teachers discriminate against students
thought to be from lower castes, while Zavodny (2013) finds that teach-
ers’ assessments are negatively correlated with students’ body weights af-
ter controlling for test scores. Some papers exploit differences in student
scores under blind versus nonblind grading when grading can be subjec-
tive (e.g., an essay rather than a multiple choice exam). Both Lavy (2008)
and Terrier (2016) document that male students’ scores suffer with non-
blind grading in comparison with blind grading, suggesting that teachers
have lower expectations of male students. Mechtenberg (2009) provides a
theoretical model documenting the potential for biased grading to gener-
ate self-fulfilling prophecies; the group subject to negative bias interprets
lower grades as a signal of low ability or marginal returns to effort and ex-
erts less effortin the future. Our paper is distinct from this literature in sev-
eral ways. First, our goal is not to document bias in teachers’ expectations.
We focus on the impact of expectations on student test scores. Second, the
test scores we take as an outcome variable are multiple-choice tests and are
not graded by teachers, so there is no scope for teacher bias in grading. In-
stead, we study how teacher expectations impact student performance
more generally when there is no opportunity for subjectivity in grading.

Differences in teacher expectations by race, ethnic group, or gender are
not the primary focus of this paper, but these findings highlight the poten-
tial for (and, indeed, the presence of) variation in teacher expectations
driven by factors other than simply variation in student ability. If it is true
(as the above papers suggest) that teachers have lower expectations of mi-
nority students, then understanding how these (often-mistaken) teacher
expectations can directly impact student performance is of substantial pol-
icy importance, especially given the persistence of the black-white achieve-
ment gap in the United States (Hedges and Nowell 1998). Our goal in this
paper is to provide clear evidence of the role of teacher expectations using
new comprehensive administrative data and empirical techniques.

Finally, itis worth looking to the literature to understand, theoretically:
How might teacher expectations influence student achievement? A basic
theoretical framework is described by Jussim, Robustelli, and Cain (2009)—
and reviewed in work by Gentrup et al. 2020—in which, first, a teacher
forms inaccurate expectations; second, the teacher’s expectations impact
the teacher’s behavior toward the students; and third, as a result of differ-
ential treatment toward high- and low-expectation students, students re-
spond in a way that ultimately confirms the inaccurate expectations of the
teacher. With regards to the first piece, recent evidence from Rangel and
Shi (2020) sheds light on one way in which teachers may form inaccurate ex-
pectations; namely, they document that beginning teachers systematically
overevaluate the abilities of white students and underevaluate the ability of
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black students, consistent with other findings noted above. Thus, one
piece of the inaccurate expectations stems from biased views toward partic-
ular groups on the part of the teacher. However, they then go on to docu-
ment the malleability of teachers’ expectations; the gap in teachers relative
expectations of black and white students can either be exacerbated or di-
minished in later years based on the actual relative performance of black
and white students in the teachers’ first years of teaching. Next, Rosenthal
(1973) highlights four ways in which teachers may change their behavior
based on their expectations: for high-expectation students, (1) teachers
may provide a more supportive climate (climate channel), (2) teachers
may provide feedback directly related to performance rather than, for in-
stance, behavior (feedback channel), (3) teachers may direct more atten-
tion toward or offer more challenging material to the students (input chan-
nel), and (4) teachers may provide more opportunities for the students to
succeed (output channel). Notably, all four channels could occur at a class-
wide rather than student-by-student level, which is relevant, as our instru-
mental variable analysis implicitly tests the impacts of being assigned to a
teacher that holds higher expectations generally. A meta-analysis by Harris
and Rosenthal (1985) revealed that all four channels are correlated with
teacher expectations as well as student achievement, but climate and input
revealed the strongest relationships.”

II. Data

We use data on the population of third-to-eighth-grade students and teach-
ers in public North Carolina elementary and middle schools between 2007
and 2013 obtained from the North Carolina Education Research Data Cen-
ter (NCERDC). The data include rich student and teacher demographics,
as well as school and district characteristics. The unique feature of the data
that we exploit in this paper is that—in every year and for every student—
we observe both the student’s EOG test scores and the level of achievement
the teacher anticipates the student will attain in the tested subject.
Students in grades 3-8 take two EOG tests each year: math and reading.’
The EOG tests are multiple-choice exams and are standardized across the
state. This removes any opportunity for teachers to manipulate either the
difficulty or the grading of the tests. Our data are organized as a panel with
observations at the student-by-year-by-subject (math and reading) level.
We provide a detailed description of the variables for teacher expecta-
tions in the data given their uncommon use. For both math and reading

5 Recent work from Gentrup et al. (2020) document that inaccurately high (or low)
teacher expectations are associated with differences in the feedback provided to students,
with higher-expectation students receiving more performance-related feedback. However,
in their setting, they cannot confirm that this channel mediates the relationship between
teacher expectations and student achievement.

® An EOG test on science is administered in fifth grade. Because it is not administered
each year, we do not include results from the science test in our analysis.
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(even if the same teacher teaches both subjects, as is often the case in el-
ementary and middle school), the teacher judges the student’s ability to
be one of four levels: insufficient mastery of knowledge and skills to be
successful at the next grade level (achievement level I); inconsistent mas-
tery, minimally sufficient for the next grade level (level II); consistent mas-
tery and well prepared for the next grade level (level III); and superior
mastery, “clearly beyond that required to be proficient at grade-level work”
(level IV). This expectation is reported by the teacher at the end of the
academic year just after the student takes the EOG test but before the test
scores are made available to teachers. It is important to note that in in-
structions to teachers, they are told to base their judgment “solely on mas-
tery” of the subject matter and not on grades received throughout the year
as “grades are often influenced by factors other than pure achievement”
(https://casetext.com/regulation/north-carolina-administrative-code// title
-16-state-board-of-education).”

It is worth briefly discussing the fact that the teacher expectation is re-
ported at the end of the year. This is one sense in which our data is different
than that available from classic experiments (e.g., Rosenthal and Jacobson
1968), where teachers’ expectations are manipulated at the beginning of a
school year. Thus, in practice, we are testing whether having higher expec-
tations throughout the year impacts a student’s final achievement, implic-
itly assuming that the belief reported by teachers at the end of the year
is a reasonable (if relatively well-informed) proxy for the expectation the
teacher formed throughout the year. Recall, in addition, that we omit data
from year ¢ when constructing year ¢ underlying optimism, so we are ex-
cluding potential feedback from current student performance into the
measure of current teacher expectations; to be clear, the measure is based
on teachers’ assessments of students in years other than ¢ In further anal-
ysis, we take advantage of the large sample size available in our data and
estimate the impact of expectations reported at the end of year ¢ on stu-
dents’ achievementin year ¢ + 1 for the small subset of students who have
the same teacher in consecutive years. That exercise, which is arguably closer
to the classic experiments on the question, yields results similar to our
main results.

Descriptive statistics of the primary variables are reported in table 1.
Column 1 describes the teachers, and column 2 describes the students

7 The full instructions to teachers are as follows: “The [subject (math or reading) ] teacher
is to identify each student who, in the [subject] teacher’s professional opinion, clearly and
consistently exemplifies one of the achievement levels listed. If a student is not a clear exam-
ple of one of the listed achievement levels, circle 9 in col. E is to be coded. The [subject]
teacher should base this response for each student solely on mastery of [subject material].
The [subject] teacher may elect to use grades as a starting point in making these assignments.
However, grades are often influenced by factors other than pure achievement, such as failure
to turn in homework. The [subject] teacher’s challenge is to provide information that re-
flects only the achievement of each student in the subject matter tested. The [subject] teacher
should therefore rely chiefly on professional experience about what is the appropriate
achievement level” (http://wcstesting.pbworks.com/f/1011+Gr+3-8+EOG+TAM.pdf).
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TABLE 1
DESCRIPTIVE STATISTICS —MEAN (Standard Deviation)
Teachers Student-Subject-Years
@) (2)
Female .88 .50
Ethnicity:
White .85 .59
Black 13 23
Hispanic .00 11
Asian .01 .02
Other .01 .05
Teacher-specific variables:
Value added (zscore):
90th—10th percentile 2.17
75th—-25th percentile 1.07
Graduate degree .31
(:46)
Experience (years; teacher’s max
over sample period) 13.84
(8.99)
Student-specific variables:
End-of-grade test score (zscore)
90th—10th percentile 2.55
75th—25th percentile 1.33
Anticipated achievement level:
I (insufficient mastery) .04
(.20)
IT (inconsistent mastery) 19
(:39)
III (consistent mastery) 47
(.50)
IV (superior mastery) .29
(:45)
Scale from I to IV 3.01
(.81)
Same math and reading teacher .57
(:50)
Observations 16,698 2,547,174

Note.—“Same math and reading teacher” is an indicator with a value of one when the
student has the same math and reading teacher in a given grade and zero otherwise.

(all elementary and middle school students in public schools in North
Carolina during the study period).

The vast majority (88%) of the teachers in the sample are female, which
is expected, given our focus on elementary and middle schools. Almost
five out of six teachers are white, almost one in six teachers are black,
and other ethnicities constitute only 2% of the teachers in our sample.
Taken together, white females are vastly overrepresented in the teacher la-
bor market in North Carolina. We construct our measure of teacher value
added in a standard way by regressing student test scores on teacher fixed
effects and a vector of other controls as detailed by Hill and Jones (2020),
but leaving out year {when estimating value added for a given teacher in
year .. The estimated teacher fixed effects are then standard normalized
across the universe of teachers in North Carolina and serve as our measure
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of teacher quality. We omit year ¢ when estimating the value added for a
given teacher in year ¢ because when analyzing the teacher’s expectations
of student 7 and student 7’s achievement, we do not want that student to
contribute to the estimation of the teacher value-added measure we use
as a control. Thus, although the measure is not in fact time invariant, it
should be thought of as capturing a teacher’s time-invariant ability to gen-
erate test score gains. Given that the variable is a zscore by construction, we
reportstatistics other than the mean and standard deviation: the difference
between the 90th and 10th percentiles is about 2 standard deviations, and
the difference between the 75th and 25th percentiles is about 1 standard de-
viation. (Though not reported in table 1, we also construct a year-specific
value-added measure, which we lag and include as a control for recent
teacher ability.) One-third of teachers have some form of graduate de-
gree, while the mean years of experience (assigning each teacher their
maximum years of experience) is 13.8.

Turning to column 2, students are approximately 50% female, 59%
white, 23% black, 11% Hispanic, 2% Asian, and 5% other ethnicity. Similar
to the measures of teacher value added, the EOG test scores are standard
normalized across the universe of North Carolina students . Student test
zscores are expectedly more dispersed than teacher value-added zscores:
the difference between the 90th and 10th percentile is 2.6 standard devi-
ations, and the difference between the 75th and 25th percentile is 1.3 stan-
dard deviations. The variable of most interest for us is teachers’ anticipated
level of achievement. We see that teachers expect 4% of students to show
insufficient mastery of the skills and knowledge in a given subject (achieve-
ment level I); 19% of students to show inconsistent mastery (level II); 48%
students to show consistent mastery (level III); and 29% to show superior
mastery (level IV). The next row shows that the mean and standard devia-
tion of the four-point scale are 3.0 and 0.8, respectively, so a one-level
change in beliefs corresponds to about a 1.25 standard deviation change.
Finally, about 57% percent of student-subject-year observations involve
students who have the same math and reading teacher in a given year, a
proxy for being in a self-contained class rather than having subject-specific
teachers.

Table Al (tables A1-A6 are available online) provides descriptive statis-
tics on students and teachers, split into two samples: teachers above and
below the median of our measure of underlying teacher optimism (panel A)
and the students of these teachers (panel B). As will be explained when
we describe the construction of the teacher optimism measure in the next
section, teacher and student characteristics are factored out when con-
structing our optimism measure to ensure that it is not capturing some-
thing else about teachers or students. Any differences in the mean demo-
graphics of students taught by less or more optimistic teachers are
expectedly very small in magnitude, although very precisely estimated.
We do, however, observe generally higher test scores for students taught
by more optimistic teachers—the relationship of interest more fully
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explored in the subsequent regression analysis—and confirm that more
optimistic teachers have higher expectations of their students (after factor-
ing out all of their characteristics). In addition, we find that 69% of students
in the sample are taught by both a teacher with above-median optimism
and a teacher with below-median optimism, confirming that students are
typically exposed to considerable variation in teacher optimism.

We now turn to explaining how we use these variables to identify the
causal effect of teacher expectations on student achievement.

III. Empirical Methodology

Before discussing our empirical specifications, we begin by describing
the general aims of our empirical strategy. Consider the following educa-
tion production function describing the educational output of student ¢
in subject s (math or reading) in year ¢, where student ¢ is assigned to
teacher j:

TestScore;, = aStudentSpecificTeacherExpectations

ist

+ BTestScore,,-1) + yStudentCharacteristics;
(1)
+ 6TeacherCharacteristics; + nTeacherQuality,

+ 0PeerCharacteristics; + ¢

The function captures several established inputs affecting standardized
EOG testscores: previous test scores, fixed student and teacher character-
istics (such as race and gender), teacher quality, and peer characteristics.
Mostimportantly, it also includes the impact of teacher expectations, our
explanatory variable of interest. Note, again, that—like the test score—
teacher expectations are student and subject specific. For our purposes,
a teacher’s expectation of their student is defined as the level of mastery
(onal-IVscale) thatstudent 7’s teacher expects that the student’s perfor-
mance on the EOG test will display (as discussed in sec. II).

The objective of this paper is to estimate «, the causal effect of year-,
student-, and subjectspecific teacher expectations on test scores. The econo-
metric challenge is clear; we need to isolate variation in student-specific
teacher expectations that is uncorrelated with any component of the error
term ¢; (or, in other words, uncorrelated with any input that is not other-
wise accounted for in the test score model).

Our approach to dealing with this challenge is twofold. First, in our
main empirical specifications, we take advantage of the panel structure of
the data and include student-by-subject fixed effects or lagged test scores.®
This eliminates the influence of time-invariant student characteristics that

8 We also report a specification where we include both student fixed effects and lagged
test scores, although models with both lagged dependent variables and unit fixed effects are
known to have undesirable properties, so we do not include both controls together in the
main specification.
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could impact both teacher expectations and students’ test scores (e.g., fixed
student ability or motivation in the classroom) and also deals with potential
nonrandom sorting into classrooms that may be a function of fixed student
characteristics (e.g., the student’s family; Qureshi and Ost 2018) or past stu-
dent performance (tracking). The second concern is the presence of shocks
in period ¢ (unobservable to the econometrician) that affect both a stu-
dent’s test score and their teacher’s expectation of their test score. For ex-
ample, a student who experiences a negative health shock and misses a
considerable amount of school is likely to obtain a lower EOG test score
given the missed material. At the same time, the student’s absence will be
known to the teacher, so the teacher is likely to expect that student to
have a lower EOG test score. It would clearly be a mistake to attribute
the student’s lower test score to the teacher’s lower expectation of their
test score in this circumstance. We implement an instrumental variables
strategy to deal with threats to identification of this type, which we now
describe in more detail.

A.  Construction of Our Instrumental Variable

Broadly, our approach is to construct a measure of fixed underlying teacher
optimism (or pessimism) about students’ test scores—controlling for the
types of students a teacher faces—and use this as an instrument for student-
specific teacher expectations in the test score model (an empirical model
similar to eq. [1]). Our experiment entails exploiting within-student
variation in teacher optimism as the student progresses through grades 3—
8. The shocks to student-specific teacher expectations are driven by as-
signment to teachers across grades that are more (or less) optimistic in
general.

To construct the main version of our instrument, we regress student-
specific teacher expectations on teacher fixed effects and a variety of
student-, cohort-, and (time-varying) teacher-level controls that could
also impact teachers’ expectations. The resulting estimates of the condi-
tional teacher fixed effects are our measure of underlying teacher opti-
mism. Note that this is not an altogether new approach to measuring a
teacher characteristic: the construction of our fixed teacher optimism
measure is mechanically similar to the estimation of teacher-level value
added. As in our estimation of value added, in order to construct a mea-
sure of a teacher’s optimism that might impact students in year {, we ex-
clude data from year ¢. Again, we aim to avoid the possibility that student ¢
(or that student’s peers) contribute to our estimate of a teacher’s general
level of optimism, while also testing whether that student is in turn im-
pacted by the constructed optimism measure.’ Our instrument also bears
some similarity to instruments constructed by Kling (2006) and Dabhl,

9 In practice, our results are very similar without making this leave-year-out restriction.
Note also than an alternative approach would be to use only years up until ¢ — 1 to construct
the year foptimism measure. Results are similar using this approach, although we do not do
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Kostgl, and Mogstad (2014), who use past decisions from a judge as an
instrument for a judge’s leniency.

Specifically, taking teacher j’s expectation of how student 7 will perform
on the subject s test in year ¢ as the outcome variable, we estimate

StudentSpecificTeacherExpectations;; = kf (TestScore )

+ wStudentRace x TeacherRace;,

+ ¢, TimeVariantTeacherQuality;,,,
+ YyGeneralTeacherQuality, (2)

+ oPeerCharacteristics,

gt o

+ [SubjY x Year, X GradeHFEs} + 0.

As discussed above, StudentSpecificTeacherExpectations,, is the teacher’s
reported beliefs about a student’s level of mastery over a subject (reported
on al-IVscale). The model includes a variety of controls to ensure that the
estimated teacher fixed effects are stripped of any factors affecting both
student achievement and student-specific teacher expectations other than
fixed, underlying teacher optimism (or pessimism).

First, student-by-subject fixed effects p,, account for any time-invariant
student characteristics that could conceivably impact teachers’ expecta-
tions (whether observed in the data or not). For example, existing litera-
ture suggests that teachers have higher expectations of white male students
(van den Bergh et al. 2010; Harber et al. 2012; Burgess and Greaves 2013;
Gershenson, Holt, and Papageorge 2016). In addition, unobservable stu-
dent characteristics such as motivation and parental involvement are also
likely to affect both student achievement and teacher expectations. All of
these will be captured in the student-by-subject fixed effects. Including
student-by-subject fixed effects (rather than simply student fixed effects)
allows for the possibility that teacher expectations for a particular student
(or type of student) can vary by subject. Terrier (2016), for instance, finds
that teachers have biased expectations of female students in math only.

Second, we include flexible controls for students’ performance on the
same-subject EOG test for the previous grade TestScore;, 1), which is
our best proxy for students’ (time-varying) level of proficiency and prepa-
ration for their current EOG test. This enters as a cubic function, although
results are very similar if it enters linearly or nonparametrically. In addi-
tion, the student-by-subject fixed effects and lagged test scores jointly
account for many forms of potential nonrandom sorting into classrooms
that could bias estimates if correlated with teacher expectations.

Third, we interact student race with teacher race (StudentRace X
TeacherRace;,). This is motivated by an emerging literature that finds
that the interaction between student and teacher race affects teacher

use this as our primary optimism measure because optimism measures for earlier years in
the sample with few preceding years are less precisely estimated.
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expectations, in particular, that white teachers have lower expectations of
black students (Gershenson, Holt, and Papageorge 2016). Note that stu-
dent and teacher race do not enter directly as they are subsumed by cor-
responding student and teacher fixed effects.

Fourth, teacher quality may affect studentspecific teacher expectations.
If high-quality teachers know they are above average, they may expect their
students to perform better in comparison with how they would have per-
formed with an average teacher. We therefore include a value-added mea-
sure of teacher quality spanning a teacher’s entire career in North Caro-
lina (GeneralTeacherQuality;, which—as noted—excludes students from
the current year in being estimated). Because teacher quality can evolve
over time, we also include the lagged value of a yearspecific value-added
measure (TimeVariantTeacherQuality,,_,)).

Fifth, peer characteristics may affect teachers’ expectations of their stu-
dents. For example, a teacher may believe that a generally high-ability class
generates positive spillovers for all students in the class, or alternatively, a
teacher’s expectation of a given student may depend on their rank in the
class. There is emerging evidence in other educational contexts that assess-
ments relative to one’s peers matter (Kinsler and Pavan 2016). To account
for this, we control for the class-level average (leaving out student ¢) of race
composition, gender composition, and previous-year EOG scores (cap-
tured in PeerCharacteristics;;).

We also include the full interaction of subject, year, and grade fixed ef-
fects to account for any year- or grade-specific variation in student cohort
quality or the difficulty of the EOG test.

This leaves us with the teacher fixed effects w. Having differenced out
the various expectation-influencing covariates described above, higher
general expectations (as indicated by a higher value of the teacher fixed
effect) from one teacher cannot simply be explained by teaching better
students (as this is captured by lagged student scores and student fixed ef-
fects), demographic match with students (captured by student-teacher
race interactions), increased belief in ones’ own ability to improve student
scores (captured by the teacher quality measures), or anything else cap-
tured by the controls listed above. We therefore consider the teacher fixed
effects to capture teachers’ underlying (and exogenously determined) ten-
dency to over- or underestimate students throughout their career: a mea-
sure of teacher optimism. After estimating equation (2) separately for each
year (leaving out the current year as we do so), we standard normalize the
estimated teacher fixed effects to be mean 0 and standard deviation 1 in
the population of third-to-eighth-grade teachers and use them as an instru-
ment for student-specific expectations in our analysis.

B.  Initial Probing of the Validity of Our Constructed Instrument

Here, and in later sections, we subject the teacher optimism measure to
scrutiny to assess its validity as a measure of teacher optimism and an
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instrument for teachers’ expectations. Our measure would fail if there is
any systematic correlation between two teachers’ expectations of the
same student. This would reveal that the teacher optimism measure is still
influenced by individual student characteristics and does not capture
some exogenously determined tendency for a teacher to expect their stu-
dents to perform better (or worse). To probe these concerns, we report
the correlation between the optimism measure of student #’s teacher in
year ¢t (and grade g) and the optimism measure of the same student’s
teacherin year ¢ + 1 (and grade g + 1). We do so for both the main ver-
sion of our teacher optimism measure (described in the previous subsec-
tion) and a simpler version, where the estimation of the optimism mea-
sure controls only for subject-grade-year fixed effects (but no student
or teacher characteristics beyond teacher fixed effects). Our goal is to
show that our main measure succeeds where the simpler measure fails.

Indeed, this is what we find in the correlation matrix reported in table 2.
For the simple measure, there is a relatively strong correlation between the
general optimism of student ¢’s teacher in year ¢ (“teacher optimism simple
version”) and the optimism of the same student’s teacher the next year
(“lead (teacher optimism simple version)”). In fact, the strength of the cor-
relation (0.44) is very similar to the strength of the correlation between the
simple version of the measure and our main version of the measure (0.50).
A teacher fixed effect estimated without differencing out the full range of
covariates employed in the main version of the measure fails this test.
There are a variety of explanations for this, such as the simplest version
of the teacher optimism measure carrying with it some information about
the general level of optimism of all teachers in student #’s school.

Our main version of this measure, on the other hand, does not fail this
test. Turning attention to the correlation between “teacher optimism
main version” and “lead (teacher optimism main version),” there is essen-
tially no relationship (correlation coefficient = —0.06). Thatis, being as-
signed to an “optimistic” teacher in grade g has no relationship with the
level of optimism of the same student’s teacher in grade g + 1."

We provide an instrument balance test in table 3. We report results from
regressing the simple and main teacher optimism measures on teacher
characteristics at the teacher-subject-year level. Showing that our measure
of teacher optimism is uncorrelated with observable teacher characteristics
bolsters the argument that it is uncorrelated with unobservable teacher

10 In a related test, we also find that the expectations of math and reading teachers for a
given student in a given grade are moderately correlated (0.5) when using the simple ver-
sion of teacher expectations but considerably less correlated (0.2) when using the main ver-
sion of teacher expectations. This test is weaker than the one reported above because it is
only applicable when students have different teachers for math and reading in the same
grade, which considerably reduces the sample, and because same-grade math and reading
teachers are likely to communicate more frequently than different-grade teachers about
shared students.
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TABLE 2
STUDENT-LEVEL CORRELATIONS BETWEEN CURRENT
AND FUTURE TEACHER OPTIMISM MEASURES

Teacher Optimism Lead(Teacher Optimism)

Simple Version Main Version Simple Version Main Version

Teacher optimism:

Simple version 1
Main version .50 1
Lead(teacher optimism):
Simple version 44 —.02 1
Main version .01 —.06 .50 1

Note.—“Teacher optimism main version” is our main optimism measure, estimated accord-
ing to eq. (2). “Teacher optimism simple version” is estimated in a similar way to that denoted
in eq. (2) but with no controls other than subject-grade-year fixed effects. Data are at the
student-by-subject-by-year level. “Lead(teacher optimism)” therefore measures the opti-
mism of the teacher that student i faces in year ¢ + 1, while “teacher optimism” measures
the optimism of student 7’s current (year ¢) teacher.

characteristics. Column 1 considers the simple version of the instrument
(as described above). It is clear that this naive teacher optimism measure
is not balanced; the pvalue on the Ftest of significance of the parameters
is <.001. On the other hand, column 2 reveals that our main measure of
teacher optimism is balanced across teacher observables; it is predicted
by none of the teacher characteristics, and we cannot reject the null hy-
pothesis that all estimated coefficients are simultaneously equal to zero.

It is important to emphasize that the simple tests reported in tables 2
and 3 do not confirm that our measure is valid; it is not possible to do
so definitively. Nonetheless, it is important to document that our mea-
sure passes these tests to increase confidence in its validity.

C. Empirical Specifications Employed in the Main Analysis

Having described the construction of our instrument, we now briefly de-
scribe the empirical specifications employed in the nextsection of the pa-
per. Our empirical specifications are similar to the education production
function presented in equation (1). In particular, in our richest specifica-
tion, we estimate the following as the second stage of a two-stage least
squares (2SLS) approach:

TestScore;, = a Expectations;, + ¢, TimeVariantTeacherQuality,,_;,
+ YsGeneralTeacherQuality, + éTeacherCharacteristics;

+ wStudentRace x TeacherRace; + 0PeerCharacteristics;;

+ [Subj, % Year, x Grade,FEs|] + p; + ¢;,.

(3)
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TABLE 3
INSTRUMENT BALANCE TEST: CORRELATION BETWEEN TEACHER OPTIMISM
MEASURES AND TEACHER CHARACTERISTICS

Teacher Optimism Teacher Optimism
Simple Version Main Version
(1) (2)
Teacher characteristics:
Female —.002 —.039
(.021) (.028)
Black —.2]9%** —.034
(.024) (.031)
Other ethnicity —.091%* 013
(.051) (.074)
Value added 402%#%% —.009
(.011) (.011)
Graduate degree .023* .002
(.014) (.018)
Experience (years) .003%#% —.001
(.001) (.001)
Observations (teacher-subject-year) 58,720 58,720
R? 450 138
[test of joint significance:
p-value .000 512
Note.—Columns 1 and 2 consider different teacher optimism measures. “Teacher opti-

mism main version” is our main optimism measure, estimated according to eq. (2). “Teacher
optimism simple version” is estimated in a similar way to that denoted in eq. (2) but with
no controls other than subject-grade-year fixed effects. All specifications include subject-
grade-year and school fixed effects. Robust standard errors (clustered at the teacher level)
are in parentheses.

* p<.10.

wE p <01,

The outcome Va/ri_alie_TitScoreijS,is student ¢’s score on the subject sSEOG
in year /, and Expectations,, is the predicted value of studentsubject-
year-specific teacher expectations from a first-stage where we use our con-
structed teacher optimism measure (the standard-normalized teacher
fixed effects estimated from eq. [2]) as an instrument for the reported ex-
pectations for the student in question."'

Both the first and second stages include student-by-subject fixed effects
(p:). As a result, we are leveraging within-student variation in teacher ex-
pectations and test scores. Student-by-subject fixed effects (rather than
simply student fixed effects) allow for the possibility that unobserved stu-
dent characteristics affect math and reading achievement differently,
which would be true if a student had a taste for math but a distaste for read-
ing, for example. Other controls in the first and second stages parallel

"' To clarify, eq. (2) is not the first-stage of the 2SLS estimator. Instead, eq. (2) provides
the estimates of teachers’ fixed tendency to over- or underestimate students, through the
estimated teacher fixed effects in that equation. We then use these as the instrumental var-
iable in eq. (3). The first stage in the 2SLS estimation procedure includes all the same con-
trols as the second stage but takes actual expectations for a particular student on the left-
hand side and the teacher optimism measure on the right-hand side.
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those included in our construction of the teacher optimism measure: a vec-
tor of teacher characteristics (race, gender, graduate degree indicator,
score on teacher qualification tests), two teacher quality measures (value
added from the previous academic year and a measure capturing teacher
quality across a teacher’s career ), a vector of peer characteristics (ethnic
composition of classmates, gender composition of classmates, average
lagged EOG score of classmates), teacherstudent race interactions, the
full interaction of subject, year, and grade fixed effects, and, in some spec-
ifications, lagged test scores.'” Standard errors are clustered at the teacher
level as that is the effective level of treatment.

An additional consideration stems from some teachers not teaching self-
contained classes but rather teaching specific subjects to different classes.
Teacher expectations may have different impacts on test scores when a stu-
denthas the same teacher for most of the day in comparison with when they
have different teachers for different subjects. This is most likely to be a fac-
tor for students in the higher grades in our sample: sixth to eighth graders.
We cannot observe student and teacher assignment for all subjects, so we
proxy for being in a self-contained class with an indicator for having the
same math and reading teacher. This indicator is included in an extended
model both linearly and interacted with our measure of teacher expecta-
tions to capture this form of heterogeneity. It becomes particularly impor-
tant to include when considering whether there is heterogeneity in the ef-
fect of teacher expectations by grade level; self-contained classes become
less likely as a student progresses to higher grades, so without controlling
for this, we could conflate a self-contained class effect with a grade effect.

IV. Results

We begin by presenting ordinary least squares (OLS) estimates (in some
cases, with student fixed effects) of the relationship between teachers’
student-specific expectations and students’ test scores in panel A of table 4.
Column 1 reports the results of a very simple specification with no controls
other than teachers’ expectations and subject-by-year-by-grade fixed ef-
fects (which are included in all six specifications in panel A). We expect
the estimated coefficient resulting from that specification to be substan-
tially upwardly biased, as we make no attempt to eliminate the influence
of factors thatlead to high test scores and high teacher expectations (e.g.,
a generally highly motivated student, or—in this case, where we have not
even controlled for lagged test scores—simply the fact that the teacher
has atleast some approximate sense of the student’s ability level). Indeed,
the coefficient suggests that raising teacher expectations of a student by
one level (about 1.25 standard deviations) increases the student’s test

'? Lavy and Schlosser (2011) document the impact of cohort gender composition on
achievement. Hill (2017) provides similar evidence at the college level. Burke and Sass
(2013) document the impact of classmates’ average ability level on achievement.
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TABLE 4
ESTIMATING THE IMPACT OF TEACHER EXPECTATIONS ON ACHIEVEMENT
(1) (2) (3) (4) (5) (6)
A. OLS
Expectations 837k 281HEE ()76HEE ()9 745x (745w
(.002) (.001) (.001) (.001) (.001) (.001)
B. 2SLS, First Stage
Teacher optimism 1071 096 % Q7 Qe 097k ()Q8k
(.002) (.001) (.001) (.001) (.001) (.001)
C. 2SLS, Second Stage
Expectations L086%:#* .019 L075%x (8 069k ()67
(.031) (.012) (.009) (.009) (.006) (.006)
Hausman, OLS
vs. 2SLS:
Test statistic 586.44 489.42 .01 .88 15.22 2.33
pvalue .00 .00 .92 .92 .22 .99
D. 2SLS, Second Stage Plus Additional Interaction
Expectations 205%#:% 089 h7HEE ()6 L056%#E - (5
(.040) (.017) (.014) (.014) (.009) (.009)
Expectations x same
math and reading
teacher —.212%*%%  — (35%*  ()3F** 0327 .023%* .022%
(.045) (.018) (.016) (.016) (.012) (.012)
Lagged EOG (cubic) X X
Student x subject
fixed effects X X X X
Teacher characteristics X X
Cohort characteristics X
Observations 2,547,174 2,647,174 2,547,174 2,547,174 2,547,174 2,547,174

Note.—The dependent variable in panels A, C, and D is end-of-grade (EOG) test score (z
score); in panel B, it is expectations. The Hausman test in panel C compares the ordinary
least squares (OLS) estimates in panel A and the two-stage least squares (2SLS) estimates in
panel C; the null hypothesis is that the OLS and 2SLS estimates are different. “Same math
and reading teacher” in panel D is an indicator that is one when the student has the same
math and reading teacher in a given grade and zero otherwise. Panel D includes an addi-
tional interaction with same math and reading teacher indicator. Robust standard errors
(clustered at the teacher level) are in parentheses.

* p<.10.

** p<.05.

Rk <01,

score by nearly an entire standard deviation. Simply controlling for a stu-
dent’s lagged score (as in col. 2) cuts this coefficient down to less than
one-third of a standard deviation. The coefficient shrinks even further
when student-by-subject fixed effects are included both without lagged
test scores (col. 3, a preferred specification) and with lagged test scores
(col. 4, although recall that models of this structure have undesirable
properties) but does not change much more as additional controls are
added (cols. 5 and 6).

We now turn to the 2SLS estimation. Panel B reports the first stage
from our 2SLS approach: the relationship between the main version of
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our constructed teacher optimism measure and the teachers’ reported
student-specific expectations. In all six specifications (across which we
vary the same sets of additional controls as in panel A), the coefficient
on our instrument is positive and very precisely estimated. A 1 standard
deviation increase in the constructed teacher optimism measure increases
the reported expectation measure by roughly one-tenth of a level on the
I-1V scale of expected mastery. In other words, as should be expected
given that teachers will have reasonably accurate expectations of stu-
dents, many students are essentially unaffected by being assigned to a
more optimistic teacher. However, some share of students who may oth-
erwise be close to a cutoff between levels of mastery (level I vs. level II,
etc.) will be perceived as a higher level by more optimistic teachers. In
turn, our instrumental variables approach tests whether those students
experience achievement gains as a result. It is also worth noting that
the magnitude of the coefficientin the first stage is essentially unaffected
by how many (or how few) controls are included, providing further sug-
gestive evidence that our constructed instrument captures an exogenously
determined measure of teacher optimism.

Panel C reports our main results: the second-stage estimates of our
2SLS estimation. In these results, we report the causal impact of higher
teacher expectations (which have been instrumented for using our con-
structed overall teacher optimism measure) on students’ EOG scores.
Columns 1-6 gradually introduce controls in the same manner as pan-
els Aand B. Column 1 is the simplest specification, which includes only
the (instrumented) teacher expectation and subject-by-year-by-grade fixed
effects on the right-hand side. Although our preferred estimates include
student-by-subject fixed effects and additional controls (which we will turn
to momentarily), itis worth noting that the coefficients in columns 1 and 2
of panel C are much smaller than their OLS counterparts (cols. 1 and 2,
panel A). This confirms that the relationship between teacher expecta-
tions and scores would suffer from an upward bias absent any attempt to
deal with endogeneity.

As we move to specifications in columns 3-6, which include student-by-
subject fixed effects, we observe a positive and statistically significant ef-
fect of teacher expectations that are somewhat similar in magnitude to
the parallel OLS specifications. (Note that the statistical similarity of the
OLS and 2SLS results in these columns are confirmed by Hausman tests
comparing the estimates reported below.) This suggests that the upward
bias in the OLS specifications evident in columns 1 and 2 is largely elim-
inated by the inclusion of student-by-subject fixed effects. Still, given the
potential for unobservable year-specific shocks to both student achieve-
ment and teacher expectations, the 2SLS estimates are preferred. Ulti-
mately, our richest—and main—specification is reported in column 6;
there, we control for student-by-subject fixed effects, teacher character-
istics, student-teacher race interactions, and cohort characteristics. The
clear, positive impact of teacher expectations is seen even in this model.
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We estimate that increasing teachers’ expectations by one level of mas-
tery (being perceived as a student who can master the material rather
than simply attain inconsistent mastery or being perceived as a student
who can attain superior mastery rather than simply mastery) increases stu-
dent achievement by 0.067 standard deviations of a test score. In short,
teacher expectations have a causal positive effect on student achievement,
confirming the Rosenthal effect.””

The effectis moderate in size relative to other factors affecting elemen-
tary and middle school test scores. A 1 standard deviation increase in
teacher expectations (0.8 of one level on the four-point scale) increases
test scores by approximately 0.05 standard deviations, which is about
equivalent to the test score gain from being in a repeat match with a
teacher between third and fifth grade (Hill and Jones 2018) but an order
of magnitude greater than the effect of having a same-race teacher (Ega-
lite, Kisida, and Winters 2015).

Finally, in panel D, we allow the effect to vary by whether the student has
the same math and reading teacher. Recall that this is intended to proxy for
the student being in a self-contained class with a single teacher during the
school day and, therefore, a more intense student-teacher relationship. In
our fully specified models (cols. 3-6), we observe an additional test score
gain from more positive teacher expectations for students with the same
math and reading teacher, although it is less precisely estimated than
the main impact.

We also note that the conclusion we draw from our analysis is not sensi-
tive to the way that we allow teachers’ expectations to enter our specifica-
tion. In additional analyses, rather than allowing the teachers’ reported
expectation measure to enter as a continuous variable, we construct a sim-
pler “high expectations” dummy equal to one if a teacher’s expectation of
a student is at least level II, at least level III, or equal to level IV. In three
separate specifications, we then instrument for these high-expectations
dummies using the same teacher optimism measure used in the main anal-
ysis. Table A3 reports the results of this exercise.'* As in our main analysis,
we observe a clear positive and statistically significant impact of higher ex-
pectations on student achievement. The coefficients on the various high-
expectations dummies are larger than the coefficient on expectations

'* Table A2 aims to profile which students are impacted by our treatment given that our
instrumental variable strategy identifies a local effect. It reports covariate means for the
whole sample, compliers, never takers, and always takers using the methodology of Dahl,
Kostgl, and Mogstad (2014) and Marbach and Hangartner (2020). The approach requires
a binary instrument, so results are reported for three alternative binary versions of the
teacher optimism instrument: optimism above the 75th percentile, optimism above the
50th percentile, and optimism above the 25th percentile. Regardless of the instrument that
is used (whichever of the columns is considered), the table shows that compliers, the stu-
dents for whom the effect is identified, have greater probabilities of being nonwhite (either
black or other race/ethnicity), have lower previous test scores, and are more likely to be eco-
nomically disadvantaged, in comparison with the overall sample of students.

' This approach is preferred over an ordered probit or logit model given the higher-
order fixed effects in our model.
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TABLE 5
FavLsiricaTION TEST: EFFECT OF NEXT YEAR'S TEACHER OPTIMISM MEASURE
ON CURRENT PERFORMANCE

Two-Stage Least Squares

Ordinary Teacher Optimism  Teacher Optimism
Least Squares Simple Version Main Version
@ 2) 3)
Lead (expectations) L0705k 093 #** .008%*
(.001) (.007) (.005)
R® .897 .897 .898

Note.—The dependent variable is end-of-grade test score (zscore). The “teacher optimism
main version” measure is our main optimism measure, estimated as described in the text
(eq. [2]). The teacher optimism simple version measure is estimated in a similar way to that
denoted in eq. (2) but with no controls other than subject-grade-year fixed effects. All spec-
ifications include a full set of controls and fixed effects (as in table 3, col. 6, panel C). Robust
standard errors (clustered at the teacher level) are in parentheses.

* p<.10.

ek p <.01.

from our main analysis. This is to be expected: shifting a student from hav-
ing a teacher that expects no master (level I or II) to a teacher that expects
mastery (level III or IV) is a larger marginal shift in expectations than sim-
ply moving up by one level (I to II, II to III, etc.)."”

Table 5 reports the results of a placebo test aimed at assessing the valid-
ity of our results. For each student in year ¢, we examine the impact that the
expectations of their year (¢ + 1) teacher has on their year ¢ EOG perfor-
mance. If the instrument generates a valid causal estimate of expectations
on performance, then there should be no effect of a future teacher on cur-
rent performance. However, if we have failed to eliminate all possible
threats to identification, it is possible that factors correlated with high per-
formance in the current year are also correlated with high teacher expec-
tations (or being assigned to a teacher that is generally optimistic) in the
following year. To demonstrate this possibility, in column 1 of table 5, we
run a simple OLS specification, regressing current EOG score on the follow-
ing year’s studentspecific teacher expectation and the full set of controls
employed elsewhere (as noted in the table). We observe a positive correla-
tion between this year’s performance and next year’s teacher expectation
(despite including a rich set of student fixed effects and controls). This is
not surprising: a student who is unobservably highly motivated will per-
form well this year and will be expected to perform well in the following
year. Reverse causation is also possible: if teachers are informed about their
students’ past EOG performance (or even communicate informally with

!> In addition, in table A4, we test whether our results are driven by one subject (math or
reading). We find that teacher expectations have a clear positive effect in both math and
reading, but the effectis larger in math. The finding that the impact is more evident in math
than reading is consistent with many other studies of educational interventions (e.g., Lavy
and Schlosser 2011).
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each other about student abilities), then a high performance on the year ¢
EOG test could directly cause high expectations in the following year.

In column 3, we use the same 2SLS approach employed in our main re-
sults. We instrument for a student’s year (¢ + 1) studentspecific teacher
expectations with our constructed teacher optimism measure for the
teacher they are assigned to in year (¢ + 1). The estimated coefficient is
now essentially a precise zero, revealing that there is no causal relationship
between the year (¢ + 1) teacher expectation and the year t EOG score.
This is exactly what we would expect if our methodological approach gen-
erated true causal effects.

Notably, itis not simply the fact that we switched to a 2SLS approach in
column 3 thatled the placebo to fail where it had detected an effectin the
OLS approach of column 1. Instead, the validity of the approach also de-
pends on using the version of our constructed teacher optimism measure
that takes full advantage of the available data. This can be seen in column 2,
which is similar to the specification employed in column 3, except that we
use the simplest version of the constructed teacher optimism measure
(“simple version,” as described in the previous section, which excludes
teacher, student, and peer characteristics from the construction of the
teacher optimism measure). As we discussed above, that measure is clearly
inferior to the main version of the measure that we use in most of analyses.
Column 2 shows that employing the 2SLS approach with an inferior mea-
sure detects an effect where there should not be one.

A.  Persistence of Effects of Teacher Expectations

Next, we test the persistence of the positive impact of high teacher expec-
tations. Do increased expectations impact a student only while they are
exposed to the teacher with expectations, or is there a lasting effect that
benefits students in future grades (regardless of the level of optimism of
future teachers)? To test this, we repeat our main 2SLS specification (ta-
ble 4, panel C, col. 6), with one change: rather than assessing the impact
of'ateacher’s expectations in year ton a student’s grade in year ¢, we assess
the impact of the expectation that a student’s year (¢ — 1) teacher has on
their performance on year t. Thatis, we focus on the impact of the lagged
teacher expectation for each student. Otherwise, the approach is the
same: we instrument for lagged student-specific teacher expectations us-
ing the lagged value of our constructed teacher optimism measure. Col-
umn 1 of table A5 reports the result; we find no evidence that having a
teacher with higher expectations in year (¢ — 1) leads to better perfor-
mance in year £

Effects of teacher expectations in repeat student-teacher matches—We next pre-
sent a related test in response to a different question. As noted in an ear-
lier section, we might prefer to observe a teacher’s expectation closer to
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the beginning of an academic year in order to study how that expecta-
tion—which in turn impacts students throughout the year—impacts
achievement by the end of the year. The data available to us are expecta-
tions reported at the end of an academic year. As discussed above, we feel
that this is a reasonable proxy for the expectations that shape teachers’
behavior (and, in turn, student achievement) throughout the year. (If
anything, the expectations measure we have access to is more accurate
than we would like and therefore leaves less scope for expectations to in-
fluence outcomes.) Nonetheless, for a small subset of our data, we can
more directly address whether having access to an expectation reported
earlier in the year would dramatically alter our conclusions. In particular,
a small number of students are matched to the same teacher 2 years in a
row in different grades because the teacher’s teaching assignment changes
(i.e., not because of grade retention); previous studies indicate that re-
peat matches account for roughly 3% of student-year observations. For
this small group of students, we can observe how teacher j’s expectation
of student ¢ at the end of year ¢impacts that student’s achievement at the
end of year ¢ + 1, after having still been taught by teacher jin year ¢ + 1.
In other words, we can study the impact of a much earlier-reported expec-
tation on student achievement.

Our analysis on this frontis similar to the specification we ran to testfora
persistent effect of teacher expectations. Again, we take test scores from
year ¢ as our outcome and include teacher expectations from year ¢ — 1
(instrumented for with the teacher optimism measure of the teacher in
year ¢t — 1). The only change relative to that specification is that we now
interact teacher expectations with an indicator variable identifying stu-
dents who are in the second year of a repeat student-teacher match. The
interaction between lagged teacher expectations and the repeat match in-
dicator identifies the effect of teacher j’s expectations of student ireported
at the end of year ¢ — 1 on student 7’s achievement in year ¢, relative to any
general persistent effect of teacher expectations that occurs without repeat
student-teacher matches (which, as we saw in table Ab, is not present). Ta-
ble 6 reports the results. As in table A5, we observe no next-year effects on
students not engaged in the second year of arepeatstudent-teacher match.
For students who are in the second year of a repeat match, the estimated
effect of the teacher’s expectations (reported at the end of the previous
year) is roughly twice the size of the estimate from our main specification
(although less precisely estimated). The fact that the coefficient from this
specification is larger is consistent with the notion that an earlier-reported
expectation is less accurate and therefore generates more scope for teach-
ers’ (inaccurate) expectations to influence student achievement.

In table 6, column 2, we consider whether the effect of current teacher
expectations depends on whether the studentis in a repeat student-teacher
match; we do not observe statistically precise heterogeneity in this dimen-
sion (although the magnitudes of the additional estimates are relatively
large).
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TABLE 6
INTERACTION OF TEACHER EXPECTATIONS EFFECT AND REPEAT
STUDENT-TEACHER MATCH EFFECT: TWO-STAGE LEAST SQUARES

@) (2)

Lag(expectations) —.002
(.009)
Lag(expectations) x repeat match .182%
(.099)
Expectations .046%**
(.009)
Expectations x repeat match —.058
(.097)
Repeat match —.125% .034
(.067) (.067)
R? .898 .898

Note.—The dependent variable is end-of-grade test score (zscore). All specifica-
tions include a full set of controls and fixed effects (as in table 3, col. 6, panel C).
Robust standard errors (clustered at the teacher level) are in parentheses.

* p<.10.

FEEH< .01,

B.  Heterogeneity in Results

In this subsection, we test for heterogeneity in the teacher expectations
effect along several dimensions motivated by the economics of education
literature and the potential policy implications of our findings.

First, we test whether teacher expectations matter more for students
from traditionally disadvantaged groups (e.g., ethnic minorities). Not
only do these groups experience achievement gaps, but the literature dis-
cussed in the introduction documents that teachers hold systematically
lower expectations of students in these groups. If teacher expectations
impact achievement (as we have shown) and teachers hold lower expec-
tations of disadvantaged groups (as others have shown), then a policy in-
tervention aimed at increasing the expectations of teachers of disadvan-
taged students may reduce achievement gaps. However, to have the
maximum impact on reducing achievement gaps, a successful interven-
tion would require disadvantaged students to benefit from higher teacher
expectations to the same extent as (or more than) other students.

It is with this in mind that we investigate how our estimates vary by stu-
dents’ ability (measured by quintiles of lagged EOG score), socioeconomic
status (as indicated by free or reduced lunch eligibility), race, and gender.
Table 7 reports the results of specifications where we interact the instru-
mented teacher expectation with indicators describing these groups.
(We also interact the instrument with the same indicators in the first
stage.)'’

' Note that time-invariant student characteristics are absorbed by the student fixed ef-
fects, so we can identify only the interaction effect. These classifications are based on the
student’s eligibility to receive free lunch or reduced-price lunch at school. The exact thresh-
olds vary year to year and depend on the size of the student’s family. To provide one exam-
ple, in 2012-3 (the last year in our sample), students from a family of four were eligible for
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TABLE 7
HETEROGENEITY IN EFFECT BY STUDENT ABILITY AND DEMOGRAPHICS:
TwoO-STAGE LEAST SQUARES

1) (2) (3) (4)

Lowest quintile lag score x expectations 063
(.010)
Second-lowest quintile lag score x expectations .069%#*
(.009)
Middle quintile lag score X expectations 080##*
(.010)
Second-highest quintile lag score x expectations  .077%%*
(.010)
Highest quintile lag score x expectations .086%#*
(.017)
Highly economically disadvantaged x expectations 066
(.007)
Moderately economically disadvantaged x
expectations 06275
(.015)
Not economically disadvantaged x expectations .0697##*
(.008)
Student ethnicity:
Black x expectations 059k
(.009)
White x expectations .0697%#*
(.008)
Other x expectations L075%%
(.011)
Male student x expectations .059F**
(.007)
Female student x expectations L0767
(.007)
Ftest of equality: pvalue 415 902 .405 .021
R? .888 .889 .889 .889

Note.—The dependent variable is end-of-grade test score (zscore). All specifications in-
clude a full set of controls and fixed effects (as in table 3, col. 6, panel C). Robust standard
errors (clustered at the teacher level) are in parentheses.

i p< 01,

Column 1 tests for heterogeneity by underlying ability. We find that
teacher expectations matter throughout the ability distribution but with
slightly larger coefficients for students with higher prior achievement.
Column 2 assesses heterogeneity by socioeconomic status. Students are
classified as highly economically disadvantaged, moderately economically
disadvantaged, and not economically disadvantaged.'” There we find that

reduced-price lunch if family income was below $42,463. Students (again from a family of
four) were eligible for free lunch if family income was below $29,965.

7 Michelmore and Dynarski (2017) argue that persistent eligibility for free or reduced-
price lunch is a better measure of economic disadvantage than current free or reduced-
price lunch status. In results available on request, we considered alternative definitions
based on whether a student had been eligible for free or reduced-price lunch for sequential
years, finding a similar pattern of effects and that our results are not sensitive to this aspect
of the economic disadvantage definition.
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the impact of expectations does not noticeably differ across socioeco-
nomic groups. In column 3, we test for heterogeneity by race. We find
that high teacher expectations have slightly larger impacts on white stu-
dents than black students, although the difference between these coeffi-
cients is not statistically significant. Finally, in column 4, we consider im-
pact differences by student gender. Female students experience greater
gains than male students from more positive teacher expectations, and
this difference is statistically significant (although relatively small).
One interpretation of this finding is that female students may be less ac-
ademically sure of themselves and more likely to internalize the assess-
ments of those around them. Taking the results from table 7 as a whole,
other than a small difference by gender, the effect of teacher expecta-
tions does not substantially differ across different groups of students.
We next test how our results relate to the “teacher like me” literature,
which finds that student-teacher demographic matches (e.g., black stu-
dents assigned to black teachers) generate higher student achievement.
These results are presented with the caveat that the vast majority of teachers
in our sample are white females, so reliably separating gender and race ef-
fects from gender-match and race-match effects can be more challenging.
Dee (2004) finds that random assignment to an own-race teacher increases
test scores for both black and white students, while Fairlie, Hoffmann, and
Oreopoulos (2014) find similar results in the context of higher education.
In table 8, we replicate this result in our data. Column 1 reports the result of
a specification that includes an indicator for a student-teacher race match
but excludes controls for teacher expectations. Consistent with the existing

TABLE 8
ImpPACT OF TEACHER EXPECTATIONS BY STUDENT-TEACHER RACE AND GENDER MATCH

1 (2) (3) ) () (6)

Specification OLS 2SLS 2SS OLS  2SLS 2SLS
Student-teacher race match 007#%%  006%+* —.009
(.002)  (.002) (.026)
Student-teacher gender match .001  .001 —.009%*
(.001) (.001) (.004)
Expectations 067#%%k  064#H* 067#%% (58
(.006) (.008) (.006) (.007)
Student-teacher race match x
expectations .005
(.009)
Student-teacher gender
match x expectations 020
(.007)
R? .888 .889 .889 .888  .889 .889

Note.—The dependent variable is end-of-grade test score (zscore). All specifications in-
clude a full set of controls and fixed effects (as in table 3, col. 6, panel C). Robust standard
errors (clustered at the teacher level) are in parentheses. OLS = ordinary least squares;
2SLS = two-stage least squares.

3 p<.05.
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literature, we find that race matches generate small positive achievement
gains (0.007 standard deviations). However, the literature has not settled
on an explanation of the mechanism driving this phenomenon. One pro-
posed mechanism is clearly related to our paper: student-teacher race
matches may lead to better perceptions or higher expectations of students,
which may in turn lead to higher achievement (if self-fulfilling prophecies
occur). Along these lines, Dee (2005) provides evidence from survey data
that teachers are less likely to report that own-race students are disruptive
or inattentive.'®

We probe the possibility that expectations are a channel through which
race match effects occur in table 8. These results are presented with the
caveat that student-teacher race match has been shown to directly affect
teacher expectations (Gershenson, Holt, and Papageorge 2016). Although
our identification strategy relies on variation in underlying teacher opti-
mism rather than identifying effects off individual differences in student-
specific expectations, these estimates should therefore be interpreted cau-
tiously. In column 2, we report the results of a 2SLS specification similar to
our main specification (table 4, panel C, col. 6), except that we have added
an indicator for student-teacher race matches as a control. The resulting
estimates suggest that the teacher expectations effect does not by itself ex-
plain the student-teacher race match effect; the coefficient on the race
match indicator is essentially unchanged across columns 1 and 2 despite
controlling for (instrumented) teacher expectations in column 2. In col-
umn 3, we allow for an interaction between expectations and student-
teacher race match. In doing so, we recenter the expectations measure,
subtracting 2.5 from the measure so that it ranges from —1.5 to 1.5. We
do so to ensure that the main effect of student-teacher race match is not
identified from students with a 0 for teacher expectations (which is outside
of the range of the measure) and is instead identified based on a student in
between expectation levels I and III. The negative coefficient on the race-
match indicator and the positive coefficient on the interaction with teacher
expectations suggests an interactive effect between teacher expectations
and student-teacher race matches. Student-teacher race matches only
have a significant positive effect on student achievement when a teacher
has high expectations of the student (level III or IV).

Student-teacher gender congruence may also affect the impact of
teacher expectations. This is explored in columns 4-6 of table 8, in an
analogous approach to how race matches are considered in columns 1-
3. We do not observe an overall gender match effect in column 4, but
the estimates in column 6 reveal that gender matches may amplify the ef-
fect of teacher expectations.

Finally, the effect of teacher expectations may vary by grade level. Partly
motivated by the evidence of higher returns from earlier investments in

'8 Dee (2007) provides similar evidence on student-teacher gender matches.
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child education (Currie 2001) and partly by the important role attributed
to noncognitive skills (Heckman, Pinto, and Savelyev 2013) that are po-
tentially affected by teacher expectations, we explore whether high teacher
expectations are especially important in early grades when students are
still developing a sense of their own capabilities. We interact our instru-
mented variable with the grade of the student (and interact the instru-
ment with grade in the first stage) to test this. Results are reported in col-
umn 1 of table A6. In general, teacher expectations appear to have a
larger impact in earlier grades, especially fourth and fifth grade. (Note
that third grade is omitted as it is the first year of EOG testing, so there
is no lagged EOG control available for third-grade students.) Column 2
of table A6 provides a more parametric approach to assessing the same
question. We allow for heterogeneity in the treatment effect to change
across grades linearly by interacting the instrumented variable with a lin-
ear grade trend (and interacting the instrument with a linear grade trend
in the first stage). This specification also reveals a larger early-grade effect
of teacher expectations, which shrinks as a student progresses through
the grades.

As discussed in section III, however, grade effects may be conflated with
self-contained class effects; a teacher who teaches a student for all of their sub-
jects is likely to have a more developed relationship with the student, and
therefore the impact of their expectations on the student’s performance
may be larger. In columns 3 and 4 of table A6, we therefore include addi-
tional interactions with a proxy for self-contained classes: having the same
math and reading teacher in a given grade. The differences between col-
umns 1 and 3 are small; the general pattern of greater effects in early
grades is preserved, although it is weaker and the teacher expectations ef-
fectin eighth grade is strikingly large. Furthermore, in column 4, the in-
teraction between teacher expectations and the grade trend is no longer
negative, although the final row reveals a negative grade trend in the im-
pact for students with the same math and reading teacher. Overall, we in-
terpret the evidence in table A6 as weakly suggestive of a declining impact
of teacher expectations as a student progresses through elementary and
middle schools.

V. Conclusion

Using student-teacher-linked panel data from North Carolina, we show in
this paper that a teacher who expects a student to display a higher level of
mastery of the relevant subject material (e.g., mastery vs. inconsistent
mastery or “superior mastery vs. mastery) causes this student to score
0.07 standard deviations higher on EOG standardized tests. Teachers’ ex-
pectations are self-fulfilling. Given the endogeneity of teacher expecta-
tions in a standard education production model—there are clearly many
unobservable factors affecting both student achievement and teacher ex-
pectations—our claim is based on constructing a measure of underlying
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teacher optimism to use as an instrument for student-specific teacher ex-
pectations. In addition, the panel nature of the data allows us to include
student fixed effects in the estimating equation, meaning thatidentifying
variation comes from changes in teacher optimism as the same student
moves from one grade to the next.

Other than bringing fresh administrative data and empirical techniques
to a decades-old debate, we find new evidence of heterogeneity in the ef-
fects of teacher expectations on student achievement. First, the impacts
of teacher expectations are generally similar for higher-achieving, higher-
income and white students in comparison with lower-achieving, lower-
income, and minority students. This means that uniform increases in
teacher expectations may not shrink achievement gaps but will, at least,
not exacerbate them. Second, we find that student-teacher race matches
amplify the effect of teacher expectations and that student-teacher race
matches generate no gains when teachers have low expectations. This pro-
vides suggestive evidence that students are more responsive to positive in-
puts provided by same-race teachers. And, third, the impacts of teacher
expectations are generally shown to be more important in early grades.
One interpretation of this finding is that teacher expectations are espe-
cially important when students are young and still developing a sense of
their own capabilities.
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